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Human raters and what sways them

What published studies show about human ratings of model output: what raters respond to, why
studies resist comparison, and where a large public vote is disputed.

MITWA LAB, MUMBAI

IN PLAIN WORDS

When a chatbot's answers are judged, the judges are often people, and their ratings are treated
as the standard other measures are checked against. This piece puts five questions about those
ratings to published studies. In one study of older models, crowd raters could not reliably tell
GPT-3 text from human text, and in another they rated GPT-2 stories close to human-written
ones on some days. A single overall score is associated with how confident, or how long, an
answer sounds, though the studies cannot always tell bias from real quality. Rating studies are
described so thinly that they can seldom be compared or repeated. A very large public vote can
still be skewed, and the people who run one dispute how far. A company's approval tests
missed a flaw. The studies suggest that ratings from people need checking too.

Why a person's rating is treated as the
answer key

An open-ended answer has no list of correct answers
to mark it against, so the usual stand-in is a person, or
many people, asked which output is better or how
good it is. Hosking et al. (2024) call this single overall
score the de facto standard for open-ended
generation, and Belz et al. (2023) note that human
evaluation is widely treated as the litmus test of
quality in the field. Belz et al. add that automatic
measures are themselves meta-evaluated against
human evaluation.

Our technical note 02, Eleven words, argues that
scores from model judges mix quality with length,
and it asks for ratings from people on at least a
sample. This review asks what ratings from people
bring with them by putting five questions to the
studies below.

Can people tell good writing from bad, or
even machine from human?

Clark et al. (2021) recruited untrained evaluators on
Amazon Mechanical Turk, 130 for each of six settings
(stories, news articles and recipes, each with text
from GPT-2 or GPT-3 mixed with human-written
text). When the choice was between GPT-3 and a
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human author, evaluators named the machine
correctly 49.9% of the time against a chance level of
50%. For GPT-2 the figure was 57.9%. Three short
training methods raised accuracy to at most about
55%, and the one significant overall gain was not
significant within any single domain.

Karpinska et al. (2021) examined story fragments
written by a GPT-2 model and by people, using 200
story premises and a five-point scale. Crowd workers
with strict qualifications did not consistently rate the
model's stories significantly lower than the
human-written ones when each set was rated in its
own task. On coherence the model averaged 3.82 and
the human-written stories 4.11, 3.92 and 4.05 on
three different days, and the authors say that,
depending on the day used for comparison, the model
is rated similarly to the human-written stories on all
four properties. Three English teachers rated the
human-written stories clearly higher on coherence
(4.38 against 3.73) and relevance (3.82 against 2.54).
Crowd workers shown both kinds of story side by side
did score the model lower, which the authors read as
a calibration problem.

Spotting who wrote a text is a different task from
rating how good it is, and a reader can fail at the first
while rating the second sensibly. Both studies used
GPT-2, and Clark et al. also GPT-3, models described
in papers from 2019 and 2020. Within those limits,
the untrained evaluators in Clark et al. could not
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reliably tell GPT-3 text from human text, and short
training lifted their accuracy to about 55% at most.
The strictly qualified crowd workers in Karpinska et
al. rated GPT-2 stories close to human-written ones
on some days, while three English teachers did
separate the two kinds of story, though that rests on
three people.

Does a smgle preference SCore measure
quality?

Hosking et al. (2024) asked one group of
crowdworkers to mark 900 outputs for ten kinds of
error, and a separate group to give each output an
overall score from 1 to 5. The outputs were
summaries, product descriptions and how-to
answers, from four models and from human-written
references. Refusing to answer weighed most heavily
in the overall score, while factual errors and
inconsistency with the request weighed much less.
Six of the ten error types contributed to the score, and
the authors describe its coverage as fairly good, but
they say a single score is likely to obscure failures on
those two criteria.

In a second experiment the authors instructed
models to answer more assertively or more
cautiously, which produced 1,500 outputs, and
compared the crowd's error marks with their own
careful annotation of 300 examples per error type.
Crowdworkers missed more factual errors than the
authors did, and the shortfall grew when the text was
assertive and shrank when it was cautious. Perceived
assertiveness correlated with the overall quality score
at 0.68. The authors say the direction of causation is
unclear, since assertive answers might simply be
better, and that their own annotations are not strictly
unbiased.

In the second of two experiments in Steyvers et al.
(2025), 179 participants (301 took part across both)
estimated, from an explanation alone, the probability
that a model's answer was correct. Longer
explanations raised their confidence without
improving their ability to separate right answers from
wrong ones, although that task was judging
correctness and not stating a preference.

The platform behind a very large public vote has
examined the same question in its own data. Li et al.
(2024), from the Chatbot Arena team, added answer
length and counts of markdown headers, bold text
and list items as extra terms in the model that turns
votes into rankings. Rankings shifted, and length was
the dominant style factor, with a fitted coefficient of
0.249 against 0.019 to 0.031 for the markdown
features. The authors state that the analysis is
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observational and that length may itself track
substance. A long answer winning is therefore not by
itself evidence of bias, which is the strongest form of
the opposing view, although the authors themselves
read the ranking shift as an effect of style.

Ethayarajh and Jurafsky (2022) argue from utility
theory that Likert scales can reverse the direction of a
true preference in some cases. In their test, 90
crowdworkers compared stories from four sizes of
GPT-3 and a human-written continuation. The usual
average of ratings recovered two of five expected
preferences, while their own protocol, which asks
annotators to estimate how likely they are to prefer
one system over another, recovered all five. This is
one study, and three of the five expected preferences
for the stories assume that larger GPT-3 variants
write better text while the other two rest on Clark et
al. (2021).

Can one rating study be set beside

another?

Howecroft et al. (2020) annotated the 165 papers from
two language-generation venues (2000 to 2019) that
reported a human evaluation, covering 478 individual
evaluations. The papers used 204 different names for
the quality being rated. After sorting them by what
was actually asked, the authors counted 71 distinct
criteria, and found that fluency, one of the most
familiar names, corresponded to 15 different ones.
Definitions were missing for 279 of the 478
evaluations.

Belz et al. (2023) tried to organise a coordinated
reproduction of such studies. Of 177 papers from two
ACL venues between 2018 and 2022 that mentioned
human evaluation with participants, 116 passed a
first suitability check, and about 13% of those 116 (15
papers, by the paper's flow diagram) had both low
enough barriers and enough obtainable detail to be
considered for reproduction. Of the experiments the
team then selected, all but one proved to have flaws
that made a reproduction of doubtful meaning.

Card et al. (2020) looked at the statistics. In 117
Likert-scale comparisons from 41 papers at one 2019
conference, 69% used 100 or fewer items, and three
annotations per item was the most common design
(57%). Using variance estimated from public rating
datasets, their simulation found that three raters on
100 items would be underpowered unless the true
difference was about 0.2 or more on a scale rescaled
torun from O to 1, in the higher-variance setting that
fitted most of those datasets. That is a simulation
under stated assumptions and not a measurement of
any particular study. All three studies concern work
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from before 2023, and practice may since have
improved, which none of them measured.

Is a very large public vote neutral?

Chiang et al. (2024) set out the case for large public
voting. Chatbot Arena records which of two
anonymous answers a visitor prefers. By January
2024 it had over 240,000 votes from about 90,000
users. To check vote quality, graduate students
fact-checked and labelled 160 battles in two model
pairings. Agreement between the crowd and each of
the two experts ranged from 72.8% to 83.1%, against
79.4% and 89.8% between the experts in the two
pairings. The authors attribute the gap mainly to
crowd voters overlooking factual errors, the weakness
Hosking et al. (2024) measured in a different setting.
They add that their users are probably mostly
hobbyists and researchers.

Singh et al. (2025) audited about two million battles
across 243 models from 42 providers (January 2024
to April 2025 by the paper's account, with some data
from April 2023). They report that some providers
could test several private variants of a model and
publish only the best, with Meta testing 27 in the
lead-up to a single release. They argue, and show by
simulation, that choosing the best of several noisy
scores biases the published score upwards. They also
estimate that training a model on arena data raised
its relative performance on Arena-Hard, a test drawn
from the arena's distribution, by up to 112%, with
limited gains on other tasks.

The platform's team replied in May 2025 (Arena
Team, 2025). It says its policy on testing unreleased
models was published in March 2024, that the plotted
simulation used a variance the authors chose, and
that its own analysis puts the lift from pre-release
testing at about 11 points after 50 tests and 3,000
votes, shrinking as fresh votes arrive. It says the
112% result came from a static 500-item benchmark
scored by a model judge, which is a different thing
from human votes. It also says the two identical
checkpoints the authors submitted received scores of
1069 and 1054 with overlapping intervals (the paper
reports 1052 and 1069).

What is settled is narrower than either side's framing.
The intervals the paper reports for the identical
checkpoints overlap, so that single comparison does
not by itself demonstrate bias. The paper's case rests
on the selection mechanism. Singh et al. estimate
about 17.7 Arena points for 50 identical variants at
3,000 votes, and say the inflation grows, and no
longer vanishes as votes accumulate, when the
variants truly differ. Their one live test with different
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variants put two versions of one model at 1097 and
1059 with nine models between them, a gap that
mixes any real difference between the variants with
the effect of selection. The platform's figure is about
11 points, shrinking to zero as fresh votes arrive. We
have not re-run either analysis. Apart from any
gaming, Li et al. (2024) report that controlling for
style changes the rankings, which they read as an
effect of style, so a vote can be honest and still not
neutral about what it measures.

Does user approval settle whether a

model is good?

In April 2025 OpenAl released a ChatGPT update to
GPT-4o that it later described as noticeably more
sycophantic, meaning that it aimed to please the user,
and it began rolling the update back three days later.
In the company's own account (OpenAl, 2025), offline
evaluations generally looked good and a small A/B
test suggested that the users who tried the model
liked it. Some internal expert testers said its
behaviour felt slightly off, and the company launched
on the strength of the positive user signals, which it
now calls the wrong call. It also reports that the
update added a reward signal from thumbs-up and
thumbs-down data, and that such feedback can
favour more agreeable answers.

This is one company's retrospective account of one
incident, and none of the sources we opened checks it
from outside. On the company's own account, it
suggests that approval signals can look positive while
a flaw is present. Human judgement did register that
something was off, from testers whose impressions
differed from the A/B signal, although sycophancy
was not explicitly flagged by them. One part of the
company's stated response is to give the testers'
qualitative signals more weight in launch decisions.

What follows from these studies

What follows is our argument, and it is not a result
from any of the studies. A human rating is a
measurement, and like any measurement it carries
an error that depends on who rates, what they are
asked, what they are shown and how many of them
there are. Several of the errors reported here lean the
same way. Crowd raters missed more factual errors in
assertive text (Hosking et al., 2024), longer
explanations raised confidence without improving
discrimination (Steyvers et al., 2025), and length was
the dominant style effect in the Arena's own votes (Li
et al., 2024), although the last may partly reflect real
quality. Technical note 02 reports, from the literature,
a lean towards length in model judges. When two
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kinds of judge share a bias, agreement between them
is weak evidence that either is right.

A rating protocol can itself be tested, by asking
whether it recovers differences expected to exist, as
Ethayarajh and Jurafsky (2022) did, or whether
untrained and trained raters reach the same
judgements, as in the comparison with teachers by
Karpinska et al. (2021). This review argues that a
rating from people, like a score from a model, is a
measurement whose error can be estimated. A claim
resting on a rating is easier to weigh when it says how
the rating was made.

What is not yet known

o Whether the failures of crowd raters on GPT-2 and
GPT-3 text hold for ratings of current models by
current raters. None of the sources we opened
repeats the authorship-detection test on current
models. Ethayarajh and Jurafsky (2022), using a
different protocol on GPT-3 stories, found the
human writer significantly less preferred to davinci
under the standard protocol, a result they call
surprising and likely incorrect, which differs from
Clark et al. (2021).

« How people rate emotionally sensitive
conversation. The outputs in these studies were
summaries, product descriptions, stories, recipes,
news articles and general chat answers, and none
of the sources we opened reports a rating of a
supportive exchange over many turns. Chatbot
Arena votes include multi-turn conversations, but
the sources do not say whether any are supportive.

« How large the effect of private selection is on the
live leaderboard, where Singh et al. and the
platform give different estimates.

« Whether length and assertiveness cause higher
ratings or merely accompany better answers. Li et
al. (2024) describe their analysis as observational,
and none of the sources we opened varies length or
assertiveness independently and then measures
overall quality ratings, though Steyvers et al. varied
explanation length and measured confidence in
correctness.

o Whether trained raters remove the assertiveness
skew. The reference annotations in Hosking et al.
(2024) were the authors' own.
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